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Abstract: Plant disease detection is essential for optimizing agricultural productivity and crop
quality. With the recent advent of deep learning and large-scale plant disease datasets, many studies
have shown high performance of supervised learning-based plant disease detectors. However, these
studies still have limitations due to two aspects. First, labeling cost and class imbalance problems
remain challenging in supervised learning-based methods. Second, plant disease datasets are either
unstructured or weakly-unstructured and the shapes of leaves and diseased areas on them are
variable, rendering plant disease detection even more challenging. To overcome these limitations,
we propose an instance-aware unsupervised plant disease detector, which leverages normalizing
flows, a visual saliency map and positional encodings. A novel way to explicitly combine these
methods is the proposed model, in which the focus is on reducing background noise. In addition, to
better fit the model to the plant disease detection domain and to enhance feature representation, a
feature extractor is pre-trained in a self-supervised learning manner using only unlabeled data. In our
extensive experiments, it is shown that the proposed approach achieves state-of-the-art performance
on widely-used datasets, such as BRACOL (Weakly-unstructured) and PlantVillage (Unstructured),
regardless of whether the dataset is weakly-structured or unstructured.

Keywords: computer vision; plant diseases; plant disease detection; normalizing flows; anomaly
detection

1. Introduction

Plant disease management [1–3] plays an important role in optimizing agricultural
productivity and increasing quality of crops. However, it is almost impossible to prevent
diseases in the early stages owing to numerous potential reasons for diseases, such as
pests, insects, pathogens, contaminated soil, and abiotic factors (weed growth, salinity,
drought, waterlogging, etc.). Therefore, cultivators are encouraged to periodically monitor
crops [4,5] to prevent significant losses caused by plant diseases; however, monitoring
farmland is usually labor-intensive and must be conducted on a daily basis. For this reason,
approaches to adequately automate the process [6–8], namely plant disease detection, have
been actively discussed among scientists.

In recent years, there have been many attempts to apply deep learning to plant disease
detection [9–12]; these approaches mainly use a convolutional neural network (CNN),
which can effectively take spatial and semantic information into account at the image
level. To be precise, they use a CNN-based feature extractor to obtain n-dimensional
feature vectors that can explicitly represent spatial and semantic information of input
images; the feature extractor is trained in such a way as to maximize distinctions among
embedding vectors from different classes. In other words, the feature extractor learns to
optimize learnable parameters to reduce error between predictions and corresponding
ground truth labels. These CNN-based methods achieve promising performance on plant
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disease datasets, such as BRACOL [13] and PlantVillage [14], and show the potential of
autonomous plant disease detection.

However, these methods are based on supervised learning. This makes them difficult to
use in real-world conditions because they are not only dependent on the number of training
data but on data quality [15,16]. For example, there are numerous types of plant diseases,
such as mildew, wilt, mosaic virus, and rust, and their shapes vary greatly depending on
circumstances. In addition, ambiguous boundaries of diseased areas on plants and long
growth cycles render plant disease detection even more challenging [17–19]. Even if a
dataset considering all these cases is acquired, supervised-learning-based CNN models
tend to be overfitted to a dominant class due to the class imbalance problem [20,21]
between class categories, which deteriorates the ability of feature presentation and may
result in redundant performance for classes with relatively fewer training data than that
of the dominant class. Therefore, research on unsupervised-learning-based plant disease
detection that does not require a labeling process and has the advantage of detecting unseen
diseases in the training phase has been in high demand.

Unsupervised plant disease detection can also be referred to as unsupervised anomaly
detection for plants because its objective is to identify anomalous areas on plants; and
unsupervised anomaly detection can be largely categorized into three groups depending
on the characteristics of the dataset, as follows: (1) structured; (2) weakly-unstructured;
(3) unstructured. One example of a structured dataset is MVTec-AD [22] which comprises
zoomed-in images of fixed shape objects with and without defects that can be commonly
found in the manufacturing industry; there has been a lot of research, actively conducted
on this benchmark dataset. Thomas D. et al. propose PaDiM [23], which uses a pre-trained
feature extractor to obtain embedding vectors at a patch level and clusters the embedding
vectors to determine whether they are anomalous. Rudolph et al. [24] introduce a novel
way to leverage normalizing flows with multi-scale features. They first apply some aug-
mentation techniques to obtain multi-scale inputs and feed them into a pre-trained feature
extractor. Then the extracted embedding vectors are fed into normalizing flows to deter-
mine whether the image contains anomalous areas. This approach achieved impressive
results on the MVTec-AD dataset. However, the previously mentioned approaches use
only structured data, whilst datasets for plant disease detection, such as BRACOL and
PlantVillage, to some extent contain unstructured data, in which the shapes of leaves vary
even in the same class category. Therefore, directly applying methods that are used in the
MVTec-AD dataset to plant disease detection may result in performance degradation.

In this paper, we address the aforementioned problems and propose a novel instance-
aware plant disease detector (IA-PDD). Specifically, we propose a novel way to exploit
spatial information by combining a saliency map and positional encodings using combined
vectors as conditional vectors of normalizing flows. This allows the flow model to achieve
an instance-aware property. In addition, we adopt a self-supervised pre-training strategy
to overcome the problem that occurs in ImageNet pre-trained feature extractors. That is,
ImageNet pre-trained feature extractors tend to be overly sensitive to general changes,
such as illumination changes, shadows, etc., rather than only focusing on plant diseases.
In our extensive experiments, it is shown that the proposed approach outperforms state-
of-the-art methods, such as PaDiM, PatchCore, and CFLOW-AD [25], and achieves the
best performance with respect to AUROC on widely used datasets, such as BRACOL
(Weakly-unstructured) and PlantVillage (Unstructured), regardless of the characteristic of
the datasets.

The contributions of the paper are three-fold, as follows: (1) We propose a novel
instance-aware unsupervised plant disease detector, that adaptively leverages normaliz-
ing flows, a visual saliency map, and positional encodings; (2) The proposed approach
achieves state-of-the-art performance on widely-used datasets, such as BRACOL (Weakly-
unstructured) and PlantVillage (Unstructured), regardless of the dataset characteristic;
(3) In extensive experiments, we show the efficacy of the proposed method by comparing
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results depending on methods to pre-train the feature extractor and the number of coupling
and pooling layers.

2. Related Works

In this section, we will discuss related works ranging from normalizing flows, which is
the main concept used in the paper, to anomaly detection in general. Following a discussion
of anomaly detection in an industrial setting, we will focus on anomaly detection for plant
disease detection, which is the primary topic of this paper.

2.1. Normalizing Flows

Normalizing flows (NF) [26] are neural networks designed for constructing complex
distributions; they work by transforming a probability density through a sequence of
invertible and differentiable mappings. The notable characteristic of NFs is that mappings
are bijective and reversible. In other words, mappings can be conducted in both forward and
backward paths. In addition, unlike commonly-used deterministic generative models, such
as generative adversarial networks (GANs) [27], NF has a stochastic characteristic that maps
complex data distribution to simple distribution, which enables flexible representation. As
a result, NF can learn the distribution of data in a relatively stable and efficient manner
as it only takes the optimization of posterior probability into account, whilst GAN suffers
from problems such as mode collapse, poster collapse, vanishing gradients, and training
instability [28,29]. Laurent D. et al. [30] introduce an approach called Real-NVP, which
enables more flexible manifold expression by adding a learning scale and translation
network to a coupling layer, also known as an affine coupling layer. Diederik P. K. and
Prafulla D. [31] leveraged the affine coupling layer with the use of an additional invertible
1x1 convolution layer and achieved promising results. To sum up, these methods enable
reversible and efficient differential computation and overcome the non-linearity of deep
learning models.

2.2. Anomaly Detection
2.2.1. Unsupervised Anomaly Detection

Unsupervised-learning-based methods [15,16] do not require any labeled data dur-
ing training, so they are more suitable when it is difficult to collect labeled data [17–19].
Furthermore, they can eliminate labeling error [32] and can be trained on relatively larger
datasets than those used in supervised learning. In addition, they have an advantage when
handling unseen data, whereas supervision-based methods tend to be overfitted to the
dominant class in a dataset, which is known as the class imbalance problem [20,21]. Due to
these characteristics, unsupervised-learning-based methods [23,24,33] have been widely
used in industrial fields where it is difficult to accurately obtain correct labels; MVTec-
AD [22] is a representative benchmarking dataset for unsupervised learning methods. The
dataset includes zoomed-in images with pixel-level annotations that provide locations of
anomalous pixels; it has been used for industrial purposes by many anomaly detection
studies. These studies can be mainly categorized into reconstruction-based methods and
representation-based methods.

2.2.2. Reconstruction Based Methods

In reconstruction-based methods, generative models are used, such as the generative
adversarial network (GAN) and variational autoencoder (VAE) [34]; they aim to obtain an
anomaly score for each image or pixel by calculating the reconstruction error between input
and output images or pixels. For example, SCADN [35] applies multi-scale striped masks
to each unlabeled normal training image; it then generates 12 multiple incomplete images
per training image, and then calculates the anomaly score by comparing the input image
and the reconstructed image. Dehaene et al. [36] proposed a way to optimize the energy
defined in the reconstruction loss of an autoencoder by using a gradient descent method
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to overcome the performance degradation that occurs when local defects are included in
training images.

2.2.3. Representation Based Methods

In representation-based methods, features are extracted from input images and are
used to analyze their distribution in a latent space to classify out-of-distribution data as
anomalies. Hou et al. [37] reinterpreted the existing image reconstruction problem from the
perspective of division and assembly of feature maps and argued that the gap of reconstruc-
tion errors between normal and abnormal data, which varies according to the granularity
of the building blocks, is an important factor in anomaly detection. Rudolph et al. [24]
obtained multi-scale features using a CNN-based feature extractor, and concatenated the
features to feed them into normalizing flows to estimate the density of image features.
Based on the estimated density and the fact that anomalous data would have lower likeli-
hoods than those of normal samples, they classified the anomalous data after calculating
the likelihoods. In other words, they took only the likelihoods of several transformations for
each image into account to obtain pixel-level anomaly scores. Therefore, the approach does
not require a large number of training samples, allowing the method to achieve impressive
results on the MVTec-AD dataset.

2.3. Plant Disease Detection

Although the aforementioned methods have shown successful results on the MVTec-
AD dataset [22], this does not necessarily mean that the tendency will be the same for
plant disease datasets, such as BRACOL [13] and Plant-Village [14], because there is a large
domain gap in these latter datasets. Specifically, plant disease datasets are more complex
and challenging for several reasons [17,18]: (1) Shapes of leaves are extremely variable in
most plant disease datasets, while shapes of objects are almost always consistent and only
slight defects appear on fixed shape objects in the MVTec-AD dataset; (2) In plant disease
datasets, the boundary between normal and diseased areas on plants is ambiguous. Due
to these challenging factors, to the best of our knowledge, most successful approaches
to plant disease detection use a color reconstruction network [38,39] without considering
geometric transformations and classify anomalous pixels based on color reconstruction
errors. Specifically, Ryoya K. et al. and Ryoya K. et al. [38,39] converted training color
images to grayscale and fed them into the color reconstruction network. Then, the network
was trained in such a way as to minimize error between reconstructed color images (i.e., the
output of the model) and original input color images. For inference, the CIEDE2000 [38]
difference between a reconstructed color image and an original color image is calculated and
is used as the final anomaly score for each pixel to determine whether the pixel is normal or
anomalous. However, these approaches do not take geometric transformation into account;
rather, they only colorize grayscale images that have the same geometrical property, which
limits the capability of detecting plant diseases with geometric transformations. In addition,
training is unstable when color differences among training samples is severe, and models
tend to misclassify background pixels as anomalies when the background changes often.
In this paper, to address these issues, we propose a novel approach to detecting plant
diseases by adequately combining several techniques, such as a visual saliency map, self-
supervised pre-training, normalizing flows, and positional encoding. Unlike previous plant
disease detection methods, the proposed approach uses a saliency map as an attention map
to explicitly tell the model where to focus in the image; this alleviates the ambiguity of
boundaries between normal and diseased areas on plant leaves. In addition, in contrast to
color-reconstruction-based methods, the proposed method does not have any assumptions
regarding geometric transformation, which improves the overall feature representation.

3. Materials and Methods

In this section, we will discuss the fundamental notion of normalizing flows, how
we pre-train the feature extractor, and instance-aware positional encodings. Inspired by
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CFLOW-AD and the aforementioned methodologies, the suggested model is a combination
of these approaches. To learn more about implementation-specific information for each
component. Please see Section 4.3.

3.1. How Normalizing Flows Work

Normalizing flows (NF) [40] is a stochastic generative model and can be used to
effectively predict complex probability distribution of real data. The idea of NF is simple yet
effective. NF uses a bijective invertible flow model to convert the manageable distribution
of random variable Z (e.g., a standard normal distribution) to a complex distribution of
data X ( f : Z → X). NF can perform an inverse transformation f−1 : X → Z but three
conditions should be satisfied as follows: (1) f needs to be an injective function; (2) the
inverse function of f should exist; (3) f needs to be easy to differentiate, and no massive
computation can be required during the process. If these three conditions are satisfied, a
change of variables theorem can be applied between the two probability density functions
X ∼ pX and Z ∼ pZ, and the corresponding equation between these two density functions
can be defined as follows:

pX(x) = pZ(f−1(x))
∣∣∣∣det

∂f−1(x)
∂x

∣∣∣∣, (1)

where ∂f−1(x)
∂x | is the multivariate differentiation matrix of f−1, a.k.a. the Jacobian

matrix. In Equation (1), f moves (flows) in a direction that normalizes the given variable X.
In other words, it transforms a complex and irregular initial data distribution to a simpler
and more regular (normal) form of base density function pZ, which gives f the name
“normalizing flows” since f basically “normalizes” the data distribution. However, it can
be extremely difficult to construct a bijective invertible function due to the nonlinearity
of f . One approach to alleviating the problem is to reduce complexity by constructing
a composite function, taking advantage of the fact that the construction of the inverse
function is reversible and that the Jacobian matrix has a definite format to some extent.

f = f1 ◦ · · · ◦ fN−1 ◦ fN , (2)

Based on the following prior knowledge that (1) the characteristic of composite func-
tions defined in Equation (2); (2) the inverse function theorem, and; (3) the Jacobians of
invertible functions, Equation (1) can be expanded as follows:

pX(x) = pX(f−1(x))

∣∣∣∣∣ N

∏
i=1

det
∂f−1

i (xi)

∂xi

∣∣∣∣∣
= px(f−1(x))

∣∣∣∣∣ N

∏
i=1

det
∂fi(xi)

∂xi−1

∣∣∣∣∣
−1

(3)

According to Equation (3), the problem is interpreted as a maximizing of likelihood
pX(x). The complex multiplications in Equation (3) can be simplified into the addition of a
sequence of simplified terms by taking the log of both sides, as follows:

log pX(x) = log pX(f(x))−
N

∑
i=1

log
∣∣∣∣det

∂f(xi)

∂xi−1

∣∣∣∣, (4)

As a result, it can be defined as a minimization problem of negative log-likelihood, as
shown in Equation (4). In other words, the training process aims to maximize the likelihood
objective, which is equivalent to minimizing the loss term, defined as follows:

L(x) = ‖z‖
2
2

2
−

N

∑
i=1

log
∣∣∣∣det

∂fi(xi)

∂xi−1

∣∣∣∣, (5)
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where θ represents the learnable parameters of the flow model f . During training, the
parameters are optimized to map all x passing through flow model f as close to z = 0
as possible. After the training process and after applying a change of variables theorem,
distributions of training data are mapped to distributions that are easy to handle, where
z is close to 0. In other words, the flow model learns how to map a complex distribution
of normal data to a simple one. Therefore, the flow model is expected to output a low
likelihood when anomalous data are fed into the model, which indicates whether the given
input is anomalous. However, directly using raw images without extracting meaningful
features from them requires a massive amount of calculation. Therefore, in this work, a
CNN-based deep learning feature extractor is used to extract features from images; that
will be discussed in the following section.

3.2. Feature Extractor with Various Training Strategies

In the proposed pipeline shown in Figure 1, a CNN model is used as a feature extractor
h to reduce the complexity of raw images and to extract meaningful features from them.
Specifically, the feature extractor takes features from N layers in the CNN model; the N
feature maps are used when constructing k multi-scale feature maps X = {x0, x1 . . . xk}, k ≤
N. Each layer in the CNN model has different structural and semantic properties, and the
receptive field increases as the layer becomes deeper, which makes the model more capable
of handling scale changes of diseased plants. Therefore, in this work, multi-scale features
are used to robustly detect diseases on plants in real-world conditions.

Figure 1. Architecture of proposed approach IA-PDD. In this pipeline, RGB images Ii are inputs to
saliency detector S(I, θs) and feature extractor h(Ii). The saliency detector and feature extractor output
a saliency map mi and multi-scale features, accordingly. Then, the saliency map, multi-scale features,
and a positional encoding ck

PE are fed into the set of decoders g(θ), a.k.a. conditional normalizing
flows, independently. The outputs of the flow network are aggregated and then used to estimate
multi-scale likelihoods pz(z). Finally, multi-scale likelihoods are used to calculate an anomaly score.

Most previous methods that used a CNN model as a feature extractor pre-trained
the CNN model on ImageNet for generalized feature representation. However, due to
the generalized characteristic learned from ImageNet, the pre-trained model tends to be
too sensitive to semantic changes, such as leaf shadows and strong lighting, instead of
focusing on diseased areas on plants. Therefore, the feature extractor needs to be re-trained
to reduce the domain gap between generalized and specific domains, i.e., plant disease
detection. However, pre-training the feature extractor in a supervised learning scheme
requires labeled data, but the labeling process of plant diseases is hard due to shape changes
of leaves and scarcity of images of diseased plants. Therefore, this work leverages self-
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supervised learning (SSL) to pre-train the feature extractor hSSL by using only unlabeled
data Dunlabeled, so that hSSL does not require any extra labeling process but uses only images
of healthy plants and a few images of unhealthy plants.

3.3. Instance-Aware Positional Encoding

In this paper, we propose a method of instance-aware positional encoding (IAPE)
cIAPE ∈ RHk×Wk using a visual saliency map—derived from the concept of human vision—
as a visual attention map, which helps the proposed model to focus on plant leaves
while casting aside background noise to efficiently detect diseased areas on unstructured
plant leaves. The proposed approach, IAPE, can adaptively utilize spatial information of
instances, which makes the model more aware of where the instances are located; this
characteristic helps the model work robustly regardless of shape changes of plant leaves or
background noise. The proposed method IAPE—instance-aware positional encoding—can
be formulated as follows:

mk
i = bk(S(Ii)), bk(I) ∈ RHk×Wk

ck
IAPE = mk

i � ck
PE, (6)

where S, mk
i , bk, and � refer to the saliency detector, visual saliency map, bilinear inter-

polation function, and elemental-wise product, respectively. ck
PE ∈ RHk×Wk denotes the

combination of cos and sin terms used, to assign spatial information to the given feature
map, a.k.a. sinusoidal positional encoding [? ]. The saliency detector S receives input
images and outputs the saliency map mk

i corresponding to the given image. Then mk
i is

resized to the same resolution of each feature map from the proposed feature extractor by
using a nearest-neighbor interpolation bk. In other words, the total number of resized mk

i
should be equal to the number of feature maps taken from the feature extractor. Finally,
the element-wise product � is applied between mk

i and the corresponding feature map,
and the result cIAPE is used as a conditional vector of the decoder in the proposed pipeline,
to adaptively assign spatial information to the decoder and allow the proposed model to
focus on where the instances are.

In addition, K independent decoders gk(z; ck
IAPE, θk) are used to estimate the density

of multi-scale feature xk, which includes layer-specific information. The structures of these
blocks are shown in Figure 2. The overall structure of g is basically a chain of blocks
based on affine coupling layers [30]; g consists of three different operations, as follows:
(1) soft-channel permutations [31]; (2) scaling; and (3) shifting. To apply scaling and shifting
operations, the inputs zin are split into zin,1 and zin,2 using soft-channel permutations that
adaptively generate permutations of the given inputs using a 1 ∗ 1 convolution layer. It
then becomes a problem of multiplication and addition of subnetworks s and t, and this
kind of operation is repeated. The shifting and scaling operations are defined as follows:

zout,2 = zin,2 � es1(zin,1;ck
IAPE) + t1(zink ,1; ck

IAPE)

zout,1 = zin,1 � es2(zout,2;ck
IAPE) + t2(zout,2; ck

IAPE), (7)

where � is the element-wise product. It is guaranteed that coefficients are always greater
than 0 when applying a linear transformation (scaling) , which preserves the affine properties.
The internal functions s and t are differentiable functions, both of which are implemented in
the fully connected and learnable network. The output zout,1 and zout,2 are concatenated, and
the concatenated output zout is fed into a coupling layer zin. Furthermore, as is explained in
Real-NVP [30], the logarithm of the Jacobian determinant for each matching block is simply
defined as the summation of s1 and s2. To train the proposed model, a maximum likelihood
objective is employed, that is equivalent to minimizing the loss defined as follows:

L(θ) = 1
N

Dtrain

∑
i=1

[
‖ui‖2

2
2
− log|det Ji|

]
+ const, (8)
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where Dtrain is the number of training samples. Furthermore, the random variable ui is
equal to g−1(zi; cIAPE, θ), and the Jacobian Ji = ∇zg−1(zi; cIAPE, θ) for the decoder of the
proposed method. Detailed explanations of the loss are given in CFLOW-AD.

Figure 2. Conditional affine coupling block with proposed instance-aware positional encoding.

4. Experiment and Results
4.1. Datasets

BRACOL (Weakly-unstructured). The BRACOL dataset has been mainly used for
plant disease classification and segmentation of Arabica coffee leaves. The shapes of leaves
are almost consistent, so we define this dataset as “weakly-unstructured”. The dataset
consists of a total of 1747 images comprising 500 labeled data and 1247 unlabeled data. The
labeled data include 100 images of healthy Arabica coffee leaves and 400 diseased leaves.
The resolution of the original images is 1024 × 2048, which is scaled down to 256 × 256
using bilinear interpolation for the input size of the proposed model. In the labeled dataset,
there are three classes, such as background, leaf, and symptom, where the symptom class
is divided into 5 sub-classes: (1) Healthy; (2) Leaf miner; (3) Rust; (4) Brown leaf spot;
and (5) Cercospora leaf spot. All images in the labeled dataset are manually pixel-level
annotated, meaning that all pixels have their category labels, a.k.a. segmentation mask. The
labeled dataset is used to test the performance of models, whereas the unlabeled dataset is
used for pre-training the feature extractor.

PlantVillage (Unstructured). The PlantVillage dataset consists of a total of 54,303
images with 256 × 256 resolution, including 12 different types of crops. In this work, only
8 classes (tomatoes, apples, cherries, grapes, potatoes, peaches, peppers, strawberries) with
both healthy and diseased leaves with corresponding labels are used. We exclude other
classes due to the absence of the disease labels. We also randomly sample 100 images for
each of the three cases, as follows: (1) normal training images; (2) normal test images; and
(3) diseased test images. Therefore, a total of 2400 images is used for training and testing
the proposed method, where the remaining group of images (i.e., 51,903 images) is used for
self-supervised pre-training of the feature extractor.

4.2. Evaluation Metric

In this work, the image-level AUROC is used to evaluate the binary classification
performance of models at an image-level, while pixel-level AUROC is used to evaluate
the ability of models to localize diseased areas on plant leaves. For image-level AUROC, a
single anomaly score and the ground truth class label of each test image are used. Likewise,
in order to evaluate the performance of localizing anomalous areas on plant leaves at a pixel
level, anomaly scores corresponding to each pixel are required. In other word, pixel-level
AUROC enables a pixel-level evaluation using a binary ground truth mask for diseased
areas on plant leaves and a score map of detection results. The pixel-level AUROC metric
is only used for the BRACOL dataset, which contains ground truth labels for each pixel
indicating whether the pixel is diseased or healthy. Predicted anomaly scores for each image
or pixel are classified into four groups, such as true positive (TP), false positive (FP), true
negative (TN), or false negative (FN), depending on whether they exceed a predetermined
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threshold and whether the predicted label matches the ground truth label. A true positive
rate (TPR), indicating the sensitivity of models, and a false positive rate (FPR), indicating
the specificity of models, can then be calculated as follows:

sensitivity = TPR =
TP

all positives
=

TP
(TP + FN)

speci f icity = FPR =
FP

all negatives
=

FP
(FP + TN)

, (9)

where TP, FP, FN, and TN refer to true positive, false positive, false negative, and true
negative, respectively. Here, TPR and FPR are usually used as indicators of the sensitivity
and specificity of models, respectively. However, taking only TPR and FPR into account
may lead to unreliable results, as these values can change depending on the decision
threshold. As a result, AUROC is selected as the metric for evaluation, as follows:

AUROC =
∫

TPR d(FPR) (10)

Since the evaluation metric, AUROC, is not only threshold-agnostic, but has also been
employed in various other works, we used the same metric for all subsequent experiments.

4.3. Implementation Details

In this section, we explain the implementation details of the experiments from the
feature extractor to the saliency detection network. All implementations and visualization
are conducted in Pytorch and Anomallib [41] with a single NVIDIA DGX A100 GPU. For
fair comparison and consistency, we used the same parameters for all experiments; the
parameters mainly follow the same setting used in CFLOW-AD. First, as a feature extractor,
we employ Wide-ResNet-50-2 [42] which, compared to ResNet [43], has a larger number of
channels (by a factor of 2) for the bottleneck layer in every block. Then, the feature extractor
is pre-trained on BRACOL and PlantVillage datasets in a self-supervised manner following
the same learning strategy used in Simsiam [44]. During the pre-training process, the SGD
optimizer is used with 3× 10−2 learning rate, 5× 10−4 weight decay, and 0.9 momentum
where the batch size and epoch are set to 64 and 800, respectively. Second, during the training
process, the pre-trained feature extractor is used to extract multi-scale features comprising
features from layer2, layer3, and layer4, where the input images are resized to 224 × 224 by
a bilinear interpolation. In addition, normal samples are used only for training and updating
all learnable parameters except for the feature extractor, i.e., the freezing technique, whilst
the evaluation dataset contains both normal and anomaly samples. Third, we leverage
BASNet [45] pre-trained on the SOD [46] dataset to obtain a saliency map of mask-based
feature encoding. All input images are resized to 256× 256 Hi ∗Wi and are used as inputs to
estimate the saliency map. The saliency map is resized to be the same size as the multi-scale
feature map; the resized saliency map is then used as a conditional vector of k decoders.

4.4. Experimental Results

To demonstrate the efficacy of the proposed approach, we compare the proposed
model with state-of-the-art methods, such as PaDiM, PatchCore, and CFLOW-AD, on the
BRACOL and PlantVillage datasets. These methods are all based on one-class classification
which uses a single model for each class; the datasets have different characteristics. More
specifically, the PlantVillage dataset includes more variable shape changes of leaves whereas
the shapes of leaves in BRACOL are almost consistent. The evaluation is conducted at both
image- and pixel-levels to observe the capability of detecting diseases and localizing areas
of disease. To be precise, image-level plant disease detection aims to classify a given image
into binary categories as follows: (1) Normal, when no disease appears in the image; and
(2) Diseased, when the image contains any type of disease at the image-level. On the other
hand, pixel-level plant disease detection aims to obtain corresponding categorical labels
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for every pixel, so that it can localize diseased areas on plants. Therefore, pixel-level plant
disease detection is much more challenging but more useful in real-world conditions.

All tests are performed on two test datasets with distinct properties, as stated in
Section 4.1 with respect to the AUROC evaluation metric. Specifically, shapes of plant
leaves and viewpoints are nearly consistent on the BRACOL dataset (Weakly-unstructured),
whereas they vary significantly on the PlantVillage dataset (Unstructured). First, as shown
in Table 1, the performance differences between the proposed approach, IA-PDD, and
the baseline model, CFLOW-AD, are only 0.10 and -0.34 at the image-level and pixel-
level, respectively, on the weakly-unstructured BRACOL dataset. On the other hand, the
proposed method outperforms CFLOW-AD by a large margin of 2.24 at the image-level
on the unstructured PlantVillage dataset, as shown in Table 2. According to the results,
there are variations in performance depending on the characteristics of the datasets used
for evaluation. Specifically, it is demonstrated that the proposed model tends to have a
higher performance on the unstructured dataset in which plant shapes and viewpoints
vary significantly, whereas its performance on the weakly-unstructured dataset is only
marginally different. The experimental result confirms that the combination of a saliency
map, which is designed to simulate the human vision system, and positional encodings,
which is designed to exploit spatial information in imagery, can improve the model’s
performance in unstructured settings for plant disease detection.

Table 1. Quantitative results for BRACOL [13] dataset at image- and pixel-levels with respect to
AUROC, where “w/SSL” means “with self-supervised pretraining of feature extractor”.

Method Image-Level AUROC Pixel-Level AUROC

PaDiM [23] 99.46 97.16
PatchCore [33] 90.59 95.05

CFLOW-AD [25] 98.94 98
IA-PDD 99.04 97.66

IA-PDD w/SSL 99.96 99.99

Table 2. Quantitative results for PlantVillage [14] dataset at image-level with respect to AUROC,
where “w/SSL” means “with self-supervised pretraining of feature extractor”.

Category PaDiM [23] PatchCore [33] CFLOW-AD [25] IA-PDD IA-PDD
(w/SSL)

Tomato 67.3 46.71 81.28 82.27 95.24
Apple 68.89 53.68 85.24 84.05 98.03
Cherry 47.34 33 41.87 54.19 99.62
Grape 91 81.73 97.44 98.71 99.62
Potato 73.26 91.6 95.37 98.16 99.33
Peach 65.78 55.72 93.93 92.82 96.76

Pepper 74.77 85.35 94.43 95.31 99.17
Strawberry 90.43 99.2 94.44 99.53 99.58

Average 69.76 63.97 84.22 87.46 98.25

Plant disease detection models must be robust not only to the aforementioned issues,
such as shape and viewpoint changes, but also to semantic noises, such as shadow and
background changes. In this paper, we therefore propose the use of self-supervised learning
(SSL) to pre-train the feature extractor without incurring any labeling cost in order to make
the proposed model more robust to semantic noises and to improve the feature representation.
After evaluation, it is determined that the performance of the proposed method achieves 99.96
and 99.99 at the image-level and pixel-level, respectively, with self-supervised pre-training,
which is a 1.02 and 1.99 improvement over the performance without self-supervised pre-
training, as shown in Table 1. Similarly, it is shown that the proposed model obtains a 98.25
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image-level performance on the PlantVillage dataset with self-supervised pre-training, which
is a 14.3 improvement over the performance without self-supervised pre-training, as shown
in Table 2. In addition to the quantitative results, we also conducted qualitative analysis to
confirm the validity and efficacy of the presented approaches.

First, qualitative results on the BRACOL dataset demonstrate that the proposed model,
IA-PDD, can identify tiny diseased areas that other models cannot detect when IAPE
and SSL pre-training are used, as shown in Figure 3, the first and second rows. Second,
the qualitative results of the PlantVillage dataset reveal a number of intriguing details.
For instance, for particular classes of healthy leaves, such as tomato, cherry, potato, and
peach, it is shown that the proposed model has generally lower uncertainty than other
approaches, which tend to have high anomaly scores near pixels containing petioles with
varying shapes. Moreover, for some classes, such as apple, grape, pepper, and strawberry,
it is shown that the proposed approach continues to work robustly, but other methods
incorrectly classify shadows as diseases. In addition, it is demonstrated that the proposed
method obtains low anomaly scores for diseased plant leaves, such as apple, cherry, grape,
and potato, whereas the other methods yield high anomaly scores near shadowing areas
and petioles. Furthermore, it is proved that the proposed model can identify diseased areas
even when they are ambiguous, whereas other models cannot perform well in certain cases
in the figure, including apple, peach, and pepper. Lastly, in relation to the strawberry image
in Figure 4, other methods tend to have high anomaly scores for background pixels but
low anomaly scores for diseased pixels, whereas the proposed method works flawlessly.

Figure 3. Qualitative results on BRACOL dataset. The first two columns show input images and
corresponding ground truth mask, respectively. The remaining group of columns represents the heat
maps and corresponding predicted masks of the other state-of-the-art methods. In addition, each row
shows qualitative results for randomly selected cases from the BRACOL dataset.
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Figure 4. Qualitative results on PlantVillage dataset. The first five columns show the results of
diseased leaves; the remaining columns show results of healthy leaves. Unlike the BRACOL dataset,
there are 8 class categories of plant leaves, and no ground truth mask exists in the PlantVillage
dataset. Therefore, we provide only heat maps for each class (rows) in comparison with the other
state-of-the-art methods (columns).

4.5. Ablation Study

Ablation studies were conducted to show how each component used in this work
affects the others; this study was mainly divided into two parts: (1) performance difference
depending on pre-training strategy of feature extractor; and (2) performance difference
depending on structural changes in flow models. For consistency, we use the same backbone
network Wide-ResNet-50-2 and 51,903 tomato images from PlantVillage, then compare the
results with respect to image-level AUROC. The dataset is divided into training, test, and
validation sets, with a ratio of 3:1:1. For supervised learning, the SGD optimizer is used
with 5× 10−4 learning rate, 1× 10−4 weight decay, and 0.9 momentum where the batch
size and epoch are set to 256 and 100, respectively.

First, the experimental setup of the former case is subdivided into three categories
to find the performance difference depending on the pre-training method of the feature
extractor as follows: (1) supervised learning (SL) that uses labeled data; (2) ImageNet
pretraining; (3) self-supervised learning (SSL) that only uses unlabeled data. It is shown
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that the average values of AUROC for each pre-training strategy achieved are 61.84, 80.23,
and 94.55, respectively. Notably, a 28.95% performance increase is observed between SL
and SSL, as shown in Figure 5. The qualitative result shown in Figure 5 also indicates
that SSL is more capable than SL at detecting diseased areas on plant leaves. For example,
the fifth column in the figure shows that SL tends to be too sensitive to semantic changes
whereas the sixth column shows that SLL is not easily affected by background noise but
only focuses on instances and diseased areas of those instances. Based on these results, it is
verified that SSL achieves the best results in all cases.

Figure 5. Qualitative results of ablation study. The first two rows from the top are example cases of
background noise; the two rows from the bottom correspond to example cases of unstructured data.
We indicate areas where diseases are found with red boxes.

Second, the latter case is used to show performance differences depending on struc-
tural changes in decoders, i.e., flow models; results are summarized in Table 3. In the
experiment, we increase the number of pooling layers from 2 to 4 where the number of
conditional coupling layer blocks (# of CL) is set to 4 or 8. The average gain of each pretrain-
ing strategy between 4 and 8 CL blocks shows values of −1.95%, 3.4%, and 0.78%. From
these results, it can be observed that more CL blocks usually guarantee better performance
except for the SL case. SL shows the best performance of 67.44% AUROC with the 4-scale
feature map and 4-coupling blocks (layer1, layer2, layer3, layer4). However, IA-PDD with
ImageNet pretraining and SSL achieves the best performance values of 82.27% and 95.24%
AUROC with 3-scale feature maps and 8 coupling blocks (layer2, layer3, layer4).
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Table 3. Results of ablation study. The ablation study was conducted to visualize performance
differences depending on pre-training strategy of feature extractor and number of pooling layers (#
of PL) and coupling layers (# of CL). SL, ImageNet, and SSL represent ways to pre-train the feature
extractor; these are explained in Section 4.5.

IA-PDD w/SL IA-PDD w/ImageNet IA-PDD w/SSL

# of PL 2 3 4 2 3 4 2 3 4

4 62.05 57.85 67.44 76.74 81.84 78.09 94.35 95.02 93.14
# of CL 8 61.1 56.26 66.32 81.43 82.27 81.03 95.22 95.24 94.28

5. Conclusions

In this work, we have introduced an instance-aware plant disease detector that can
be used for plant disease detection. The proposed approach aims to effectively combine
a visual saliency map and positional encodings to explicitly take spatial information into
account. Specifically, the combined vectors are used as conditional vectors to normalizing
flows and impart an instance-aware property. The combined vectors help the flow model
to pay more attention to instances in which diseases are found and to reduce performance
degradation caused by background noise. In addition, self-supervised learning is adopted
for pre-training the feature extractor, which accounts for the robustness against semantic
information changes of background and the strong feature representation. In our extensive
plant disease detection experiments, it is shown that the proposed approach outperforms
all one-class-classification-based state-of-the-art methods on commonly used datasets, such
as BRACOL (Weakly-unstructured) and PlantVillage (Unstructured).
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