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ABSTRACT

Plant phenology has gained importance in the context of global

change research, stimulating the development of new technologies

for phenological observation. In this context, digital cameras have

been successfully used as multi-channel imaging sensors, providing

measures to estimate changes on phenological events, such as leaf

flushing and senescence. We monitored leaf-changing patterns of a

cerrado-savanna vegetation by taken daily digital images. For that,

we extract leaf color information and correlated with phenological

changes. In this way, time series associated with plant species are

obtained, raising the need of using appropriate tools for mining

patterns of interest. In this paper, we present a novel approach for

representing phenological patterns of plant species. The proposed

method is based on encoding time series as a visual rhythm, which is

characterized by color description algorithms. A comparative analy-

sis of different descriptors is conducted and discussed. Experimental

results show that our approach presents high accuracy on identifying

plant species.

Index Terms— remote phenology; digital cameras; image anal-

ysis; time series; visual rhythm

1. INTRODUCTION

Plant phenology has gained importance as the simplest and most re-

liable indicator of species responses in the context of global change

research, stimulating the development of new technologies for phe-

nological observation [1–5]. In this context, digital cameras have

been successfully used as multi-channel imaging sensors, and the

measurements of color change information (RGB channels) from

digital images allow to detect changes on phenological events, such

as leaf flushing and senescence [5–10].

We have been monitoring leaf-changing patterns of a tropical

cerrado-savanna vegetation by taken daily digital images [11]. For

that, we extracted leaf color information from the RGB channels and

correlated the changes in pixel levels over time with leaf phenology

patterns. The image analysis was conducted by defining regions of

interest based on the random selection of plant species identified in

the digital image. Time series associated with different regions in

the images have been obtained, raising the need of using appropriate

tools for mining patterns of interest.
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In this paper, we present a novel approach for capturing phe-

nological patterns from time series and distinguishing the behav-

ior of plant species. It relies on encoding time series as a visual

rhythm [18], which is characterized by traditional and recently pro-

posed color description algorithms. This computationally simple ap-

proach opens a new area of investigation related to the use of image

descriptors to identify and characterize phenological changes.

We evaluate the proposed algorithm on about 2,700 images,

recorded during the main leaf flushing season [11]. Results from a

detailed experimental comparison of several descriptors show that

our method presents high accuracy on identifying regions in the

images belonging to a same plant species.

The remainder of this paper is organized as follows. Section 2

briefly describes related work. Section 3 discusses the methodology

adopted for acquiring time series. Section 4 presents our approach

and shows how to apply it to characterize time series. Section 5

reports the results of our experiments and compares our technique

with other methods. Finally, we offer our conclusions and directions

for future work in Section 6.

2. RELATED WORK

The increasing accessibility to data with high spatio-temporal reso-

lution has enabled a detailed analysis of vegetation properties. At the

same time, it requires feature extraction techniques able to properly

represent such properties, taking into account storage aspects.

Time series based on vegetation indexes are the most common

features extracted from remote sensing images (RSIs) for phenolog-

ical and land cover change studies [12–14]. Rodrigues et al. [13]

presented a software to extract phenological parameters (e.g., matu-

rity and senescence) from Normalized Difference Vegetation Index

(NDVI) time series. Foster et al. [12] also applied NDVI time series

to detect grassland vegetation. Brooks et al. [14], in turn, proposed

a Fourier-based algorithm to fit NDVI multitemporal curves and re-

duce missing data effects in the analysis.

In [15–17], the authors consider not only temporal but also spa-

tial properties. For that, they extract time series from segmented re-

gions. Petitjean et al. [15] proposed a strategy to encode spatial data

along the time. Their strategy consists in segmenting each image of

the series in order to characterize each pixel of the data with spatial

properties. The time series are computed for each pixel based on the

properties extracted from the segmented regions. Ardila et al. [16],



in turn, used time series based on spatial properties from pre-defined

regions to monitor urban trees. Almeida et al. [17] exploited a mul-

tiscale segmentation structure to compute time series with spatial

information, which were used to detect phenological patterns in a

cerrado-savanna vegetation.

Different from those initiatives, this paper addresses efficiency

issues involved in time series analysis. In spite of all the advances,

existing strategies for processing spatio-temporal data usually re-

quire a huge amount of storage space. Here, we introduce a com-

pact representation for identifying and characterizing plant species

in time series obtained from phenological observations.

3. TIME SERIES ACQUISITION

The near-remote phenological system was set up in a 18m tower

in a Cerrado sensu stricto, a savanna-like vegetation located at Iti-

rapina, São Paulo State, Brazil. A digital hemispherical lens camera

(Mobotix Q24) was setup at the top of the phenology tower, attached

in an iron arm facing northeast.

The first data collection from the digital camera started on 18th

August 2011. We set up the camera to automatically take a daily

sequence of five JPEG images (at 1280 × 960 pixels of resolution)

per hour, from 6:00 to 18:00 h (UTC-3). The present study was based

on the analysis of over 2,700 images (Figure 1), recorded at the end

of the dry season, between August 29th and October 3rd 2011, day

of year 241 to 278, during the main leaf flushing season [11].

Fig. 1. Sample image of the cerrado savanna recorded by the digital

camera on October 15th, 2011.

The image analysis was conducted by defining different regions

of interest (ROI), as described by Richardson et al. [5], Richard-

son et al. [6], and Ahrends et al. [7]. We defined six ROIs (Fig-

ure 2) based on the random selection of six plant species identified in

the hemispheric image: (1) Aspidosperma tomentosum (Figure 2(a)),

(2) Caryocar brasiliensis (Figure 2(b)), (3) Myrcia guianesis (Fig-

ure 2(c)), (4) Miconia rubiginosa (Figure 2(d)), (5) Pouteria rami-

flora (Figure 2(e)), and (6) Pouteria torta (Figure 2(f)).

4. VISUAL RHYTHM-BASED DESCRIPTION

Visual rhythms [18] are an effective way to analyze temporal prop-

erties from video data. It consists in an abstraction of a video that

encodes the temporal change of pixel values along a specific sam-

pling line [19], as illustrated in Figure 3(a). A clear advantage of

this approach is to reduce the storage space of the extracted features.

Therefore, it also speeds up data processing.

Formally, a visual rhythm is a simplification of a video V =
{ft}, t ∈ [1, T ], in domain 2D + t, with T frames of dimensions

WV ×HV , in which each frame ft is transformed into a vertical line

on an image R, in domain 1D + t, such that,

R(t, z) = ft(rx × z + a, ry × z + b), t ∈ [1,WR], z ∈ [1, HR],

(a) Aspidosperma tomentosum (b) Caryocar brasiliensis

(c) Myrcia guianesis (d) Miconia rubiginosa

(e) Pouteria ramiflora (f) Pouteria torta

Fig. 2. Regions of interest (ROIs) defined for the analysis of six plant

species from the cerrado-savanna vegetation.
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Fig. 3. Visual rhythm: (a) simplification of a video content by map-

ping each frame into one column of an image; (b) a real example

produced by sampling the central vertical line of the digital images.

where WR = T and HR are its width and height, rx and ry are the

sampling rates along the horizontal and vertical directions, a and b

are the horizontal and vertical offsets on each frame, respectively.

Without loss of generality, a time series comprised of images

taken by digital cameras at fixed time intervals can be viewed as a

video of the vegetation. Thus, a visual rhythm can be used to sim-

plify a time series into a single image, as illustrated in Figure 3(b).

In this way, we can take the advantage of existing image descriptors

to identify and characterize phenological changes.

The major problem with the previous definition of visual

rhythms is to have been designed for the pixel sampling of spe-

cific lines (e.g., diagonal, horizontal, and vertical). Here, we are

interested in analyzing unshapely regions related to plant species

that are identified by phenology experts (see Figure 2). However, it

is impossible to adjust values for the parameters rx, ry , a, and b so

that we can transform a ROI into a vertical line of a visual rhythm.

The novelty of this paper is to generalize the notion of visual

rhythms. From a generic point of view, this approach relies on taking

samples of the information to be analyzed and then grouping them in

an orderly manner. The key contribution of our idea is the mapping

function we design to transform a ROI into a vertical line.



Let V = {ft}, t ∈ [1, T ] be a video, in domain 2D + t, with T

frames of dimensions WV ×HV ; and I be a binary image, with the

same dimensions of V , in which white pixels indicate a ROI.

Initially, we convert the image I into a list of Cartesian coor-

dinates Lxy = {(x, y) | I(x, y) = 1}. Next, we use this list for

computing the geometric center (xc, yc) of the ROI. After that, we

translate the Cartesian coordinate system of the elements in the list

Lxy to have its origin at the point (xc, yc) and then we convert them

to the polar coordinate system, creating a list of polar coordinates

Lrθ . Thereafter, we create an index K = {k | ∀(r, θ) ∈ Lrθ, k =
2πr + θ} which assigns a unique value to each element in the list

Lrθ . Finally, we sort the keys in the index K in an increasing order

and then we use them to arrange the elements in the list Lxy .

Thus, we can define a visual rhythm as a mapping of each frame

ft into a vertical line on an image R∗, in domain 1D + t, such that

R∗(t, z) = ft(Lxy(z)), t ∈ [1,WR∗ ], z ∈ [1, HR∗ ],

where WR∗ = T and HR∗ = |Lxy| are its width and height, re-

spectively. Figure 4 presents the visual rhythms produced by the

pixel sampling of the digital images using each ROI from Figure 2.

(a) Aspidosperma tomentosum (b) Caryocar brasiliensis

(c) Myrcia guianesis (d) Miconia rubiginosa

(e) Pouteria ramiflora (f) Pouteria torta

Fig. 4. Visual rhythms obtained for each ROI.

5. EXPERIMENTS AND RESULTS

We carried out experiments to identify the plant species in the image.

For describing time series encoded into a visual rhythm, we used

four traditional and recently proposed color descriptors: ACC [20],

CCV [21], BIC [22], and GCH [23]. The distance function used for

feature comparison is the Manhattan (L1) distance.

Our strategy to evaluate color descriptors in the context of time

series description is based on assessing the similarity among regions

associated with individuals of the same species. Regions are defined

by using the hierarchical segmentation based on the Guigues algo-

rithm [24]. The image used to obtain the hierarchy of segmented

regions was taken at noon on October 15th, 2011 (Figure 1). We

have selected 5 segmentation scales from the hierarchy to perform

feature extraction. The finest scale is composed of 27, 380 regions

and the coarsest scale contains 8, 849 regions. Figure 5 illustrates

the segmented scales in a subimage sample.

The similarity between two regions is computed as a function of

the distance between the feature vectors extracted from their visual

rhythms. A color descriptor is better than another if it ranks more

regions belonging to the same ROI of an input region at the first

positions. We consider a given region as belonging to a ROI if at

least 80% of its size is overlapped by such a ROI. In our experiments,

we have used only regions from the coarsest scale, as they have been

shown the most effective ones to characterize plant species [17].

For each ROI, we randomly selected twenty percent of its to-

tal number of regions to be used as queries. Five replications were

Original Scale 1 Scale 2

Scale 3 Scale 4 Scale 5

Fig. 5. Segmentation results for each of the scales in a image sample.

performed in order to ensure statistically sound results. Presented

results consider the average performance of the evaluated color de-

scriptors, which were computed based on the mean and standard de-

viation of each replication.

We assess the effectiveness of each approach using the metrics

of Precision and Recall. Precision is the ratio of the number of rel-

evant regions retrieved to the total number of irrelevant and rele-

vant regions retrieved. Recall is the ratio of the number of rele-

vant regions retrieved to the total number of relevant regions in the

database. Here, a given region is considered as relevant only if it

belongs to the same ROI of a query region.

However, there is a trade-off between Precision and Recall.

Greater Precision decreases Recall and greater Recall leads to de-

creased Precision. So, we choose to report the results using unique-

value measurements: Mean Average Precision (MAP), which is the

mean of the precision scores obtained at the ranks of each relevant

region; and Precision at 5 (P@5), which is the average precision af-

ter 5 regions are returned. These metrics combine both Precision and

Recall into a single measure, which makes the comparison easier.

Our experiments are intended to: i) analyze the impact of the

sunshine on the performance of color descriptors and ii) determine

which color descriptor is better for characterizing plant species. In

those experiments, we compare the visual rhythm-based techniques

with the method proposed by Richardson et al. [6], which is the most

popular approach and widely used by the phenology community for

characterizing phenological patterns of plant species. It consists in

analyzing each region in terms of the variation of the relative (or

normalized) brightness of the primary colors (RGB channels).

In Tables 1 and 2, we compare the visual rhythm-based tech-

niques and the baseline method with respect to the MAP and P@5

measures, respectively. MAP is a good indication of the effective-

ness considering all positions of obtained ranked lists. P@5, in turn,

focuses on the effectiveness of the methods considering only the first

positions of the ranked lists. For each approach, we highlight the

hour of the day that provided the best result.

Those results indicate that the performance of the different eval-

uated approaches is similar, with a small advantage to the baseline

method. Notice that early hours (from 8h to 11h) are better to char-

acterize the phenological changes of plant species by using color de-

scriptors. As we can observe, the best performances were achieved

using the digital images taken at ten in the morning. This finding

disagrees with the general suggestion of extracting color information

from midday hours (from 11h to 14h) for ecological studies [5–8].

Paired t-tests were performed to verify the statistical signifi-

cance of those results. For that, the confidence intervals for the dif-

ferences between paired means of each ROI were computed to com-

pare every pair of approaches. If the confidence interval includes

zero, the difference is not significant at that confidence level. If the

confidence interval does not include zero, then the sign of the differ-

ence indicates which alternative is better [25].



Table 1. MAP scores obtained by each of the color descriptors along

all the available periods of the day.

Hour ACC BIC CCV GCH RGB

6 0.595 0.591 0.581 0.591 0.608
7 0.584 0.592 0.578 0.587 0.629
8 0.610 0.592 0.565 0.588 0.614
9 0.615 0.598 0.571 0.590 0.628
10 0.658 0.643 0.608 0.640 0.623
11 0.612 0.608 0.566 0.604 0.626
12 0.546 0.536 0.517 0.532 0.616
13 0.559 0.522 0.506 0.515 0.647
14 0.583 0.555 0.531 0.529 0.665
15 0.578 0.552 0.532 0.521 0.680

16 0.549 0.536 0.514 0.510 0.660
17 0.545 0.530 0.510 0.513 0.618
18 0.592 0.597 0.597 0.591 0.631

Table 2. P@5 scores obtained by each of the color descriptors along

all the available periods of the day.

Hour ACC BIC CCV GCH RGB

6 0.763 0.768 0.751 0.758 0.869
7 0.836 0.815 0.791 0.814 0.871

8 0.812 0.806 0.746 0.804 0.780
9 0.828 0.806 0.756 0.780 0.824
10 0.850 0.848 0.799 0.849 0.831
11 0.825 0.824 0.757 0.798 0.800
12 0.754 0.764 0.734 0.775 0.780
13 0.820 0.780 0.734 0.744 0.813
14 0.821 0.769 0.751 0.769 0.860
15 0.811 0.754 0.733 0.716 0.866
16 0.740 0.729 0.714 0.712 0.828
17 0.762 0.739 0.713 0.757 0.817
18 0.768 0.777 0.763 0.751 0.796

Tables 3 and 4 present the 95% confidence intervals of the dif-

ferences between the baseline method and the visual rhythm-based

techniques for the MAP and P@5 measures, respectively. For sim-

plicity and readability purposes, we report only the results for the

hour of the day that provided the best result of each approach.

Table 3. Differences between MAP of the different approaches.

Confidence Interval (95%)
Approach

min. max.

RGB@15h - ACC@10h -0.112 0.222
RGB@15h - BIC@10h -0.138 0.278
RGB@15h - CCV@10h -0.108 0.323
RGB@15h - GCH@10h -0.123 0.283

Table 4. Differences between P@5 of the different approaches.

Confidence Interval (95%)
Approach

min. max.

RGB@7h - ACC@10h -0.011 0.106
RGB@7h - BIC@10h -0.052 0.092
RGB@7h - CCV@10h -0.029 0.190
RGB@7h - GCH@10h -0.017 0.116

Such analyses confirms that the visual rhythm-based techniques

and the baseline method exhibit similar performance. Notice that

the confidence intervals include zero and, hence, the differences be-

tween those approaches are not significant at that confidence level.

In Tables 5 and 6, we compare the individual scores obtained for

each ROI considering the best results of the evaluated methods in

terms of the MAP and P@5 measures, respectively. For each ROI,

we highlight the approach that provided the highest score.

Table 5. MAP scores obtained for each ROI.
ROI ACC BIC CCV GCH RGB

A. tomentosum 0.684 0.574 0.522 0.594 0.989

C. brasiliensis 0.749 0.774 0.763 0.767 0.660
M. guianesis 0.469 0.457 0.425 0.405 0.723

M. rubiginosa 0.653 0.646 0.611 0.709 0.683
P. ramiflora 0.523 0.465 0.378 0.461 0.464

P. torta 0.528 0.584 0.538 0.494 0.472

Table 6. P@5 scores obtained for each ROI.
ROI ACC BIC CCV GCH RGB

A. tomentosum 0.920 0.903 0.714 0.920 1.000

C. brasiliensis 0.909 0.893 0.891 0.904 0.895
M. guianesis 0.752 0.792 0.824 0.728 0.808

M. rubiginosa 0.770 0.750 0.770 0.820 0.870

P. ramiflora 0.755 0.760 0.635 0.760 0.745
P. torta 0.640 0.840 0.680 0.600 0.760

It is interesting to note the differences in responsiveness of the

different evaluated methods with respect to each of the species indi-

vidually. The main reason for those results is the different patterns

of the leaf color change of each species. In general, different color

descriptors are designed to capture different visual features.

The key advantage of our technique is its computational effi-

ciency. Table 7 presents the computational cost and the space re-

quirements (in terms of the length n of the time series) of all the

compared methods. In this way, we can investigate the relative dif-

ference of performance among different approaches.

Table 7. The computational cost and the space requirements of the

different approaches.

Computational Cost
Approach

Extraction Matching
Space Requirements

VR + ACC O(n) O(1) O(1)
VR + BIC O(n) O(1) O(1)
VR + CCV O(n) O(1) O(1)
VR + GCH O(n) O(1) O(1)

RGB O(n) Ω(n) Ω(n)

Clearly, the visual rhythm-based techniques are much more ef-

ficient than the current solution. This improvement makes our ap-

proach suitable for long-term collections of image data.

6. CONCLUSIONS

In this paper, we have presented a novel approach for capturing phe-

nological patterns from time series and distinguishing the behavior

of plant species. Our technique relies on encoding time series as a

visual rhythm, which is characterized by image descriptors. Such a

combination makes our method suitable for long-term temporal data.

We have validated our technique using about 2,700 images,

taken from a tropical cerrado-savanna vegetation, including a high

diversity of plant species. Results from the application of our method

with several color descriptors show that it presents high accuracy on

identifying regions in the images belonging to a same species.

Future work includes the evaluation of other visual features for

image retrieval (e.g., local features [26]). In addition, the proposed

method can be augmented to consider temporal segmentation [27]

and/or summarization methods [28,29]. Finally, we also plan to con-

sider learning-to-rank methods (e.g., genetic programming [30]) for

combining different descriptors.
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