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Figure S1: Lottes' model: (a) A dense block containing a total of three convolutional layers. Each layer adds four filters
to the feature map (L=3, G=4). (b) Macro structure showing the input image (green), the encoder (blue), the
decoders (red) and the output feature maps (purple). Arrows display the flow of information through the model.
Image resolutions presented are those given in the original paper.
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Figure S2: Zhang's model: (a) An IRM which employs two point-wise convolutions (orange), with a depth-wise
convolution (red) in between. In the IRM, normalization occurs after each convolution, and activation occurs after the
first point-wise convolution and the depth-wise convolution. (b) Macro structure showing the input image (green),
the backbone (blue), the decoders (red) and the output feature maps (purple). Loss layers are shown in yellow, and
include losses for deep supervision (small rectangles), as well as for the final outputs of the model (large rectangles).
Arrows display the flow of information through the model. In particular, the cross-task feature fusion is given with a
dashed line, and the bidirectional feature map exchanges are given with a dotted line. Image resolutions presented
are those given in the original paper.
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Figure S3: Ours-4s model: The 4s version of our model, which has one additional decoder for each tasks, which is
situated at the 8x downsampling level for the spraypoint (or stem) task, and 4x downsampling level for the
segmentation task. Components show are input image (green), patchify stem (orange), backbone (blue), decoders
(red) and the output feature maps (purple). Loss layers are shown in yellow, and include losses for deep supervision
(small rectangles), as well as for the final outputs of the model (large rectangles). Arrows display the flow of
information through the model. In particular, the cross-task feature fusion is given with a dashed line, and the
bidirectional feature map exchanges are given with a dotted line.
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Figure S4: Normalized confusion matrices for the plant segmentation task for all models, for experiments 1, 2 and 3.
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Table S1: Experiment 1a metrics:
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Table S2: Experiment 2a metrics:
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HistMatch Normalization in Python (numpy):

import numpy as np
from math import erf

# CDF for N(0,1)
def phi (x):
return (1.0 + erf(x / 2.0%*0.5))/2.0

# The number of points for which to calculate phi

N = 301

# [-3,3] will capture 99.7% of a standard normal distribution

yval = np.linspace (-3, 3,N,endpoint=True)

ncdf = np.tile(np.array(list (map (phi,yval))) .reshape(l,-1), (256,1))

# perform HistMatch normalization on an image.
def hist match norm(I):
# Assume greyscale. Pixel values from 0 to 255
# Normalize each channel separately for colour image

# Cumulative histogram (normalized)
hl = np.sum(I.reshape(-1,1) <= range (256),0)
hl = hl/hl1[-1]

# Calculate midpoints
hl = (np.pad(hl, (1,0))[:-1] + hl)/2

# Reshape for comparison
hl = hl.reshape(-1,1)

# Find closest match between hl and ncdf
A = np.abs (hl-ncdf)
f = yval[np.argmin (A, axis=1) ]

# apply function to I and return
return f[I]

if name == " main_ ":
# Display normalization graphs of test image (red channel)
import PIL

import matplotlib.pyplot as plt
from matplotlib import gridspec

I = np.array(PIL.Image.open("test.png"))
I =1I[:,:,0]

J = (I - np.mean(I))/np.std(I)
K = hist match norm(I)

def snpdf (x):
return (1 / np.sgrt(2*np.pi)) * np.exp(-0.5*x**2)

X = np.linspace(-3,3,101,endpoint=True)
p = snpdf (x)



fig = plt.figure(figsize=(6,8))
gs = gridspec.GridSpec(3,1,height ratios=[4,1,1])

ax = [plt.subplot(g) for g in gs]

ax[0] .imshow (I, cmap="gray"')
ax[0].set title('Image')
ax[0] .set axis off ()

ax[1l].hist(J.flatten(),bins=50,density=True,alpha=0.6)
ax[1l].plot(x,p, 'k',linewidth=2)
ax[l].set title('Naive')

ax[2].hist (K.flatten () ,bins=50,density=True, alpha=0.6)
ax[2].plot(x,p, 'k',linewidth=2)
ax[2] .set title('HistMatch')

plt.tight layout()
plt.show ()



